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1 Introduction
The information collected by mobile phone opera-
tors can be considered as the most detailed infor-
mation on human mobility across a large part of
the population [1]. The study of the dynamics of
human mobility using the collected geolocations of
users, and applying it to predict future users’ loca-
tions, has been an active field of research in recent
years [2, 3].
In this work, we study the extent to which social
phenomena are reflected in mobile phone data, fo-
cusing in particular in the cases of urban commute
and major sports events. We illustrate how these
events are reflected in the data, and show how in-
formation about the events can be used to improve
predictability in a simple model for a mobile phone
user’s location.
2 Mobile Data Source
Our data source is anonymized traffic informa-
tion from a mobile operator in Argentina, focusing
mostly in the Buenos Aires metropolitan area, over
a period of 5 months. We use Call Detail Records
(CDR) including time of the call, users involved,
direction of the call (incoming/outgoing), the an-
tenna used in the communication, and its position.
The raw data logs contain around 50 million calls
per day. CDRs are an attractive source of location
information since they are collected for all active
cellular users (about 40 million users in Argentina),
and creating additional uses of CDR data incur lit-
tle marginal cost.
3 Mobility Model
To predict a user’s position, we use a simple model
based on previous most frequent locations. In or-
der to compute these locations, we split the week in
time slots, one for each hour, totalizing 7∗24 = 168
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Figure 1: Users’ location predictability by time slot.
Blue: Outgoing calls. Red: Incoming calls. Green:
All calls.
slots per week. Since humans tend to have very
predictable mobility patterns [1, 4, 5], this simple
model turns out to give a good predictability base-
line, achieving an average of around 35% correct
predictions for a period of 2 weeks, training with 15
weeks of data, including peaks of above 50% pre-
dictability. This model was used as a baseline in [6],
with which our results agree. In Figure 1 we show
the average predictability for all time slots.
It is important to notice that it is possible to
improve the accuracy of this simple model by clus-
tering antennas, instead of defining each antenna as
a location.
4 Urban Commute
The phenomenon of commuting is prevalent in large
metropolitan areas (often provoking upsetting traf-
fic jams and incidents), and naturally appears in
mobile phone data. For instance, in [7] the authors
study commute distances in Los Angeles and New
York areas. Mobile data can lead to quantification
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Figure 2: Commute to Buenos Aires city from the surrounding areas on a weekday, for different hours.
Red color corresponds to a higher number of calls, whereas blue corresponds to an intermediate number
of calls and light blue to a smaller one.
of this phenomenon in terms of useful quantities,
which are much harder to measure directly. We in-
clude a series of call patterns illustrating the Buenos
Aires commute in Figure 2.
From the data, we can estimate the radius of the
commute (the average distance traveled by com-
muters). Considering the two most frequently used
antennas as the important places for each user
(home and work, see [8]), we get an average com-
mute radius of 7.8 km (as a comparison, the diam-
eter of the city is about 14 km, and the diameter of
the considered metropolitan area is 90 km).
5 Sports Events
As in the urban commute case, we study human
mobility in sports events as seen through mobile
phone data. In Figure 3, we show how assistants to
a Boca Juniors soccer match converge to the sta-
dium in the hours prior to the game, and disperse
outwards.
Note that postselecting the users attending the
event necessarily produces the effect of having no
calls outside the chosen area during the match, how-
ever, the convergence pattern observed is markedly
different from the one seen for the same time slot
of the week on a day with no match.
Improving Predictability with Exter-
nal Data
So far, our results allow us to understand (and
quantify) social events through the analysis of mo-
bile phone data. This understanding can be in turn
used to improve the mobility model. Social rela-
tions among individuals have been used to improve
predictability in mobility models before, as in [6],
where social links learned from the mobile phone
records are used to this end. Here, instead of peer
to peer links learned from the mobile data, we show
how an external data source can be used to improve
the model.
We illustrate this effect using as proof of con-
cept the case study of soccer matches. By taking
the soccer fixture, we tag users as “Boca Juniors
fans” if they make calls using antennas around the
stadium and time slot where Boca plays for three
consecutive matches (which include both home and
away matches). Using this tagging, we can dramat-
ically improve predictability for this group of Boca
fans, even predicting positions that had never been
visited by a user before. The predictability of the
model for these users considering the fixture data
rises for the matches to 38% – which doubles the
19% accuracy achieved by our previous model for
the same set. Moreover, the initial model is only
able to make predictions in 63% of events in the
given set (as a consequence of a lack of information
from the training set data), whereas the socially
enriched model tries to predict 100% of the events
during match days, which make the previous results
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Figure 3: Convergence to Boca Juniors stadium on hours prior to a soccer match, and dispersal after
its end. Red color corresponds to a higher number of calls, whereas blue corresponds to an intermediate
number of calls and light blue to a smaller one.
even more significant.
In order to understand these results, we illustrate
with an example where the enriched model outper-
forms the simple model: the simple model would
rarely predict a user’s location on a different city,
whereas the enriched model would do so if the user
is a Boca fan, and Boca has an away match in that
city.
6 Conclusion
We illustrated how social phenomena can be stud-
ied through the lens of mobile phone data, which
can be used to quantify different aspects of these
phenomena with great practicity. Furthermore, we
showed how including external information about
these phenomena can improve the predictability of
human mobility models.
Although we showed this in a specific case as a
proof of concept experiment, we note that this pro-
cedure can be extended to other settings, not re-
stricted to sports but including cultural events, va-
cation patterns and so on (see [3] for a specially rel-
evant application). The tagging obtained is useful
on its own and is of great value for mobile phone
operators. The big challenge in this line of work
is to manage to include external data sources in a
systematic way.
Lastly, the tag-based predictions can be taken to
the community level. Defining, for instance, the
“Boca Juniors fans” community, we can predict
that if some users of this community make or re-
ceive calls in a certain location, other users in the
community will do it as well.
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